Abstract-It has been shown that adaptive power allocation can provide a substantial performance gain in wireless communication systems when perfect channel state information (CSI) is available at the transmitter. In the case when only imperfect CSI is available, the performance may significantly degrade, and robust power-allocation schemes are developed to save this kind of degradation. In this paper, we investigate powerallocation strategies for multicarrier systems, in which each subcarrier employs single amplify-and-forward (AF) relaying scheme. Optimal power-allocation schemes are proposed by maximizing the approximated channel capacity under an aggregate power constraint (APC) and a separate power constraint (SPC). By comparison with the uniform power-allocation (UPA) scheme and the best channel power-allocation (BCPA) scheme, we confirm that both the APC and SPC schemes achieve a performance gain over benchmark schemes. In addition, the impact of channel uncertainty is also considered in this paper by modeling the uncertainty regions as bounded sets, and results show that the uncertainty can degrade the worst case performance significantly.
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I. INTRODUCTION
To improve the throughput and power efficiency of communication systems, the transmission strategy is often adapted according to the channel conditions. When perfect channel state information (CSI) is available at the transmitter, the transmission power can be adapted to optimize a certain objective function, such as the transmission rate, the SNR, or the channel capacity. For multiple parallel channels, the optimal power-allocation strategy is given by the water filling algorithm [1] . The perfect CSI, however, often requires errorless channel estimation and reliable feedback, which is usually unrealistic for practical systems. In practice, the available CSI is often partial or subject to some kind of uncertainty. As such, the problem is how to design robust power-allocation algorithms with partial or imperfect CSI.
The CSI uncertainty is typically modeled in two ways. The first is the stochastic framework, in which the uncertainty of the channel fading itself is assumed to be following a certain distribution, and the design of algorithms is based on the mean and covariance of the distribution [2] , [3] . The deterministic framework, on the other hand, assumes that the channel uncertainty is deterministic and taking values from a known set, and the uncertainty regions lie around these nominal channel coefficients [4] - [8] . This framework does not require the statistical knowledge of the CSI as for the stochastic framework but need the estimations of instantaneous CSI. The stochastic framework gives the optimal algorithm with respect to the average performance based on the channel fading distributions, whereas the deterministic framework designs robust algorithms with respect to the uncertainty region based on instantaneous channel conditions. Nisar and Utschick [4] considered a spherical and unbiased channel uncertainty model, and derived the optimal power-allocation strategy by maximizing the received SNR. In [5] , the band model, or the confidence-intervalbased model, was used for spectral uncertainty, for robust equalization design, and for robust matched filter design. In [6] , a variety of uncertainty models, including the high-dimensional-band model (the cubic model), was investigated to design precoders by maximizing the worst case received SNR in the multiple-input-multiple-output (MIMO) systems. In addition, the band model was also adopted in [7] to design the Tomlinson-Harashima precoders for broadcast channels.
In [8] , the band model was used to derive robust power split between the transmitter and the relay in a single-carrier relaying system. For relay systems, the amplify-and-forward (AF) scheme [9] is often adopted due to its simplicity. In [10] , robust power-allocation schemes for coherent and noncoherent AF relay networks were designed under imperfect global CSI by maximizing the output SNR, and the authors used ellipsoidal uncertainty sets for the imperfect CSI model. In [11] , optimal transmit power allocations at the transmitter and the relay are obtained based on the average SNR and the average bit error rate (BER) in an AF relaying systems where the direct link is in deep fading. In [12] , a number of computational strategies were presented to evaluate both the problems of minimizing power consumption with a rate constraint and maximizing the throughput with a power constraint in the MIMO relay systems. Zhang et al. [13] investigated a novel multicarrier relay scheme in which the subcarrier power allocation is jointly optimized with the relay scaling coefficients of different subcarriers. A quadratic complexity algorithm and a suboptimal algorithm with linear complexity are proposed to solve the optimization problem.
In this paper, we consider the power-allocation problem for multicarrier AF-relaying systems, in which each subcarrier performs data transmission via a single relay. The power-allocation strategies are approached by maximizing the approximated channel capacity under an aggregate power constraint (APC) and a separate power constraint (SPC), respectively. The CSI channel uncertainty in this paper still follows a deterministic framework, but unlike the spherical model in [4] or the ellipsoidal model in [10] , we adopt the band model to allow the uncertainty of each link to fluctuate within a region around its actual values, as it did in [8] . In addition, we also assume that the direct links are in deep fading, and discard the signal from the direct links and only consider the relay link transmission. Some extension work on this paper can be focused on power allocation and optimal relay precoding design regarding quality-of-service constraints, such as the sum rate and the mean square error, in the MIMO relay networks [14] , or furthermore, in the MIMO multirelay networks.
II. SYSTEM MODEL
We consider a multicarrier system with N subcarriers in total, and each subcarrier transmits data via a single relay employing AF scheme. For each subcarrier, it is single-input single-output (SISO) with the direct transmitter-receiver link negligible due to large path attenuation. This choice is motivated by the fact that the relay link plays a much more important role when the channel conditions of the direct link 0018-9545 © 2013 IEEE are of bad quality. The channel gains for the transmitter-relay link and relay-receiver link of the ith subcarrier are denoted by h i and g i , respectively.
1 With x i sent from the ith transmitter, the ith relay receives z i = h i x i + n 1i , and with a relay gain A i , the ith receiver finally has
2 ) are the additive white Gaussian noise (AWGN) at the ith relay and the ith receiver, respectively.
For the channel-assisted relays, the relay gain is determined according to the CSI of the transmitter-relay link as [15] A The total power available for the whole system is often limited; therefore, we constrain the aggregate power available for all the transmitters and relays within S, i.e.,
N i=1
(p i +q i ) < S. Our resulting optimization problem can be written as
As the power constraint in S forms a convex set, and the channel capacity in (4) is concave on {p i , q i }, 2 the maximization is convex and can be rewritten as a Lagrangian dual problem, i.e.,
The optimal power allocation {p * i , q * i } for the inner maximization of (6) can be achieved by directly taking the first partial derivatives of L 1 ({p i }, {q i }, λ) over p i and q i , respectively, i.e., ∂L 1 /∂p i = 0 and ∂L 1 /∂q i = 0, which are equivalent to
From (7), it is obvious to see that
, which shows that the status of the transmitter and relay in one subcarrier are always the same. Taking this simple relation into (7), we could derive the optimal assignment of power to each transmitter and relay as
where
and (·) + = max(·, 0). The results are similar to the water filling strategy. For each subcarrier, it is active only if the channel conditions of this subcarrier are good enough to satisfy α 2 i > λ, and α i is determined by the channel gain and the noise level of both links.
From (8), we see that whether one subcarrier is active or not depends on the Lagrangian multiplier λ, which is determined by the outer minimization in (6) . First, the channel capacity in (4) can be written as
where T 1 = {t 1 , t 2 , . . . , t N 1 } is the index set in which the subcarriers are in active mode, and N 1 is the cardinality of the set T 1 . Considering that the power assigned to each subcarrier is σ
. (10) With the optimal power allocations p * i and q * i , the optimization problem in (6) then yields minimization problem
, and the optimal Lagrangian multiplier λ can be obtained via the first-order optimality condition of (10) as
As the optimal λ * in (11) depends on the active user set T 1 , whereas T 1 is decided jointly by the channel conditions {h i , g i } and threshold λ * , the value of λ * is iteratively solved with (11) by supposing that all the users are initially active.
B. Power Allocation With SPCs
Here, we consider a more rigid situation that the power available for transmitters and relays has separate constraints, the optimization problem in this case then yields
where the power constraints are given by
The power for all transmitters and all relays are limited within P and Q, respectively, and the power constraints P and Q are convex sets; therefore, optimization problem 
In the same way, the inner maximization gives the equations that {p i } and {q i } must satisfy
Note that it is very similar to (7), and we also have
which indicates that the transmitter and the relay in the same subcarrier are always in the same mode, either active or inactive. Solving (14) with p i h i u = q i g i v leads to the optimal power allocations for all the transmitters and relays as
The subcarrier with a channel condition satisfying β i > 1 will be able to transmit, whereas others are suspended to save power for the active subcarriers. In addition, note that β i is not only determined by channel gains h i and g i but also by the Lagrangian multipliers u and v.
With the optimal power allocation in (15) , the channel capacity in (4) is then simplified to
where T 2 = {t 1 , t 2 , . . . , t N 2 } is the index set in which the subcarriers are active. Note that
By minimizing (17) with respect to u and v, the solution for u * and v * can be determined by numerically solving the set of two equations as follows:
Multiplying the first equation in (18) by u and the second equation by v, and then adding them, we have
which means the solution (u, v) for (18) lies on an ellipse in the u−v plane in a form of au 2 + bv 2 + 2cuv = d, with which we can solve u from (18) and have the corresponding v from (19) iteratively.
IV. CHANNEL UNCERTAINTY
For practical communication systems, the perfect CSI at the transmitter side is often unavailable. Due to erroneous, outdated, or quantized feedback, the CSI obtained by the transmitters is typically subject to uncertainty. Here, we investigate the error analysis of the CSI at the transmitter side. The channel conditions are deterministically modeled as
where h ti and g ti are the actual channel gains for the transmitter-relay link and the relay-receiver link, whereas h ui and g ui are the associated channel uncertainty for each link meeting the requirements that |h ui | < h ti and |g ui | < g ti . Uncertainty h ui and uncertainty g ui are the errors that cause the mismatch of the CSI obtained at the transmitters and the instantaneous actual CSI. The uncertainty regions for h ui and g ui are given as bounded sets, i.e.,
Please note that this uncertainty model is not aimed to reflect the performance of any practical estimators but is based on the notion of confidence interval. A quantity estimated from some measurements cannot be perfectly accurate; however, we can define a "confidence interval," just like sets U h and U g in (21), within which the actual quantity lies with a very high probability based on the measurement/estimation quality. The notion of confidence interval works regardless of the type of estimator employed. Under such channel uncertainty, the optimal power allocation {p * i , q * i } can be determined by solving the following minimax problem:
where the inner minimization over U h and U g gives the worst case channel capacity for the multicarrier system. For such an inner minimization, it is easy to show that ∂C Σ /∂h ui > 0 and ∂C Σ /∂g ui > 0 within the constraints U h and U g . This way, the inner minimization in (22) gives the uncertainty (h ui , g ui ) = (− 1i , − 2i ), so that the worst case happens only when the h ui and g ui reach the lower bounds of their uncertainty regions. In this case, the worst case channel capacity is given by
, and (23) takes the same form as the channel capacity in (4) . To this end, we can obtain the robust power-allocation schemes for APC and SPC by optimizing the worst case channel capacity in (23) for the uncertainty case. Using the same procedure in Section III, the robust power allocation are still given by (8) and (15) only with
To show that the power allocation given by (22) is robust, we must confirm that the minimax theorem holds for the optimization problem in (22). For the problem min x max y f (x, y), the minimax theorem holds if min x max y f (x, y) and max y) ; therefore, the minimax theorem holds if and only if the saddle point exists. We write the channel capacity given in (4) with h i = h ti + h ui and
, or for short, C Σ . We now show that its saddle point exists, and this saddle point is (x * , y
For the max-min problem max {p i ,q i } min U h ,Ug C Σ , it is easy to show that ∂C Σ /∂h ui > 0 and ∂C Σ /∂g ui > 0 with h ui and g ui constrain by U h and U g ; therefore, the channel capacity C Σ is monotonically increasing with h ui and g ui , i.e., the inner min-
Using the same process in Section III, we have the optimal power allocation y * = {p * i , q * i } given by (8) for APC and (15) for SPC, with
On the other hand, we now show that the min-max problem
First, the inner maximization gives the optimal power allocation y
where the values of optimal power allocation {p * i , q * i } depend on the uncertainty levels {h ui , g ui }. Now, we consider the following three cases:
• Case 1: The channel uncertainty is x 1 = {h ui,1 , g ui,1 }, and the corresponding optimal power allocation is given by y * 1 = {p * i (x 1 ), q * i (x 1 )} with the channel capacity C Σ (x 1 , y * 1 ).
• Case 2: The channel uncertainty is x 2 = {h ui,2 , g ui,2 }, and the optimal power allocation regarding to x 2 is y * 2 = {p * i (x 2 ), q * i (x 2 )}, whereas the channel capacity is C Σ (x 2 , y * 2 ). We suppose that the channel conditions of x 2 is a little worse than that of x 1 , denoted byx 2 < x 1 , which means that h ui,2 ≤ h ui,1 and g ui,2 ≤ g ui,1 for all the index i = 1, 2, . . . N, but the equality does not hold for all i.
• Case 3: The channel uncertainty is x 1 = {h ui,1 , g ui,1 }, but the given power allocation is y * 2 = {p * i (x 2 ), q * i (x 2 )}; then, the corresponding channel capacity is C Σ (x 1 , y * 2 ). Compare case 1 and case 3; they have the same channel uncertainty but different power allocation. As y * 1 is the optimal power allocation with associated channel uncertainty x 1 , therefore, we have
. Then, compare case 2 and case 3; they have the same power allocation. As shown earlier, the channel capacity C Σ is monotonically increasing with h ui and g ui when the power allocation are fixed. As
Compare case 1 and case 2; we see that the case 2 has worse channel conditions (x 2 < x 1 ), and the maximized channel capacity is also less. Then, it is easy to say that the channel capacity for the system C Σ with power allocation {p * 
V. SELECTED NUMERICAL RESULTS
Here, we show some numerical results for our proposed powerallocation schemes. The channel gains of each subcarrier are supposed to be deterministic with some uncertainty. The interference between any two subcarriers and between the transmitter-relay link and the relay-receiver link are ignored, to focus on the impact of the channel uncertainty.
A. Comparison of Different Allocation Schemes
In Fig. 1 , we ignore the channel uncertainty and compare the performance of different power-allocation schemes. These power-allocation schemes include the following:
• APC scheme: The aggregate power is a constraint within S, and the power allocated for each transmitter and relay follows (8).
• SPC scheme: The power constraints for the transmitters and relays are P and Q with P = Q = S/2. The optimal power allocation follows (15).
• Uniform power-allocation (UPA) scheme: The power is uniformly distributed to each transmitter and relay, i.e., p i = q i = S/(2N ).
• Best channel power-allocation (BCPA) scheme: The total power is allocated to the subcarrier with the best channel conditions, i.e., Fig. 1 is given as N = 10 . From the figure, we see that the APC and SPC schemes perform almost the same when the transmitter-relay links and the relay-receiver links have equal average channel gains. When the discrepancy between the average channel gains E[h i ] and E[g i ] increases, the performance gap between the APC and SPC schemes becomes larger, whereas the performance of BCPA gradually exceeds that of UPA. In addition, it is not surprising to see that the APC and SPC schemes outperform UPA and BCPA, and it is necessary to point out that, for SPC, it is also of importance to split the power reasonably between transmitters and relays when the total power budget (P + Q) is fixed. More power should be distributed to the links with better channel conditions, so that the SPC scheme performs closer to the APC scheme.
B. Approximated SNR Versus Accurate SNR
In Section II, we mentioned that the approximated SNR γ i (not γ i ) in (2) is used for the channel capacity as our objective function. However, the optimal power allocation derived from the objective function with an approximated SNR and accurate SNR may be different. In Fig. 2 , we investigate the average channel capacity for different power constraint levels with an approximated SNR and an accurate SNR. In this figure, we investigate three cases: the approximated case (the objective function uses the approximated SNR), the accurate case (the objective function uses the accurate SNR), and the accurate/ approximated case (the channel capacity is measured with accurate SNR, but the power allocation is from the approximated case). The channel for each link is assumed i.i.d. Rayleigh fading with unit average channel gain.
In the figure, we plot the performance for the APC scheme of a two-carrier system, the SPC scheme of the two-carrier system, and the APC scheme of a single-carrier system. As we can see, the approximated channel capacity is a tight bound of the accurate capacity, and as the power budget increases (the SNR will be higher), the gap between the approximated and accurate capacity is smaller. Compare the dash curves (the accurate case) and the circles/squares (the accurate/approximated case), we find that, at a low-SNR region (small power budget), there exists small discrepancy between them, whereas at a high-SNR region (large power budget), this performance discrepancy almost disappears. This shows that the power allocation derived for the approximated case may be suboptimal to the accurate case, but the performance difference between these two powerallocation schemes is so small that it can be almost ignored, and the optimal power allocation for the approximated case can also be regarded "optimal" to the accurate case.
C. Impact of Uncertainty on Channel Capacity
In Fig. 3 , we consider the impact of uncertainty on the worst case channel capacity. The uncertainty for each link is measured by ρ ji , which is defined as
For simplicity, we take an equal normalized uncertainty level for all links, i.e., ρ 1i = ρ 2i = ρ for all i. When ρ = 0, there is no channel uncertainty. On the other hand, ρ = 1 corresponds to the maximum uncertainty that leads to the worst case channel capacity dropping to zero. In this figure, the channels are subject to Rayleigh fading with
The noise level is the same with that in Fig. 1 . For the SPC, we equally distributed the total power to the transmitters and relays, i.e., P = Q = S/2. The uncertainty level of ρ = 0.2, ρ = 0.5, and ρ = 0.8 correspond to low uncertainty, medium uncertainty, and high uncertainty, respectively. As we can see in this figure, the channel capacity rises as we provide more power. The uncertainty can greatly decrease the worst case channel capacity. For the medium-level uncertainty, the worst case capacity is less than 50% of the capacity without uncertainty, whereas for the high-level uncertainty, the worst case capacity is less than 15%. For the low or zero uncertainty, increasing the power constraints achieves a remarkable improvement in the performance. Under the high uncertainty, however, providing more power also brings difference, but this difference seems fruitless when compared with the zero uncertainty and the low uncertainty. In addition, the gap between APC and SPC also diminishes when the uncertainty level increases. As the uncertainty level increases, the channel gains of all links will be smaller, and the difference of the channel gains between the transmitter-relay links and the relay-receiver links decreases. For the APC, the total power allocated for all the transmitters will be close to that for all the relays, i.e., the power allocated for all the transmitters and all the relays will approach to be equal (the SPC scheme). In this case, the power-allocation scheme for APC will be closer to that for SPC, so that the performance gap between APC and SPC diminishes.
VI. CONCLUSION
In this paper, optimal power-allocation algorithms are proposed for multicarrier AF relaying systems with both APC and SPC by maximizing the approximated channel capacity. Some selected numerical results show that the performances of the APC and SPC schemes outperform considerably that of the UPA and BCPA schemes when the perfect CSI is available. When only imperfect CSI is obtained, the worst case throughput is employed to develop robust powerallocation schemes. The channel uncertainty levels are shown to have a substantial impact on the performance. When the uncertainty rises from a low level to a high level, a large amount of the worst case throughput is lost. 
Mobile Data Offloading

I. INTRODUCTION
Over the past several years, the increasing use of Wi-Fi-enabled smartphones and third generation (3G)-capable tablets has lifted mobile broadband data traffic to a great extent around the world. The Wi-Fi offloading solution has been intensively discussed as an essential technology to alleviate traffic load for mobile data. Incorporating nonThird-Generation Partnership Project (3GPP) access technologies in 3GPP standards, such as loose coupling and tight coupling with Wi-Fi access, has been studied in the past decade [1] , [2] . In tight coupling, the 3GPP system specifies rerouting of cellular network signaling through Wi-Fi that is considered as a de facto 3GPP radio access network. In loose coupling, the 3GPP system uses Wi-Fi access to transfer and tunnel Internet Protocol (IP) data between a mobile device and the operator's core network; the only integration and interworking point between networks is the common authentication architecture. Unlike early coupling-based integration, in mobile data offloading, the goal is to dynamically redirect (offload) selected Internet traffic toward a low-cost access radio network to alleviate data congestion while delivering positive user experience. Because there is an urgent need for offloading, 3GPP has been very active recently in developing a new [5] . Discussions on 3GPP offloading include the definition of new architecture in addition to issues regarding security, charging, mobility, and traffic control/handling [6] , [7] . The IP-based policy and charging control (PCC) system has been standardized for dynamic policy control combined with real-time charging since 3GPP/LTE release 8. Delivering appropriate PCC functionalities to mobile nodes with offloading is essential [8] . One key challenge is to elaborate on the PCC functionality and mobility management of an offloading session in the service data flow level, which is significantly different from that in the IP packet level widely discussed before. Although offloading traffic is not targeted for high-quality services such as traditional cellular services, customer satisfaction, including performing admission control and providing a minimum degree of completion deadline, plays a critical role in the quality evaluation criterion [9] , [10] . This paper intends to answer three essential questions.
1) How do we offload data with PCC support for service data flow mobility? 2) How much data can actually be offloaded? 3) How does the PCC system serve the offloading session in terms of quality of experience (QoE), such as deadline assurance that provides a measurement of QoE in terms of session completion within a given deadline period?
In the current literature, there are only a few studies on offloading. For instance, Balasubramanian et al. in [11] leveraged delay tolerance of applications and used fast switching to the context of augmenting 3G with Wi-Fi in mobile environments. Lee et al. in [12] conducted an experimental testbed and simulation study to exploit offloading efficiency with delayed transmission. Zhou et al. in [13] reported that many operators perform deprioritization of heavy users in wireless networks for congestion management. In [14] , Han et al. proposed to delay the delivery of information over cellular networks and offload it through the free opportunistic communications.
In [15] , Oliva et al. presented the advantages and drawbacks of two approaches to enable service data flow mobility based on Internet Engineering Task Force and 3GPP standards. The previous studies revealed that a significant amount of data can be offloaded to Wi-Fi networks when it is properly deployed; however, a number of protocol issues, such as service-level mobility management, charging record generation, policy control management, and the performance on QoE guaranteed, involved in core networks are not taken into consideration. Before sophisticated deployment on micro Wi-Fi offloading areas, it is crucial to implement appropriate policy control and to raise the quality of user experience. This paper proposes an enhanced offloading framework with PCC support for a Wi-Fi-based offloading solution. In addition, we investigate how to raise QoE by evaluating the deadline assurance in offloading [16] . In particular, we make the following contributions: First, we present a generic framework to support Wi-Fibased offloading with PCC functionality and dynamic service data flow mobility. Second, we investigate the probability of missing a deadline and the amount of 3G resources saved by offloading. Third, we conduct extensive simulations considering the traffic flow characteristics of mobile environments.
The remainder of this paper is organized as follows: Section II proposes a Wi-Fi offloading reference model with service data flow mobility. Section III formulates an analytical model for computing output metrics. Section IV gives numerical results considering various network parameters. Section V provides our conclusions.
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